Background: Thermal Response Test (TRT) is an onsite test used to characterize the thermal properties of shallow underground, when used as heat storage volume for shallow geothermal application. It is applied by injecting/extracting heat into geothermal closed-loop circuits inserted into the ground. The most common types of closed loop are the borehole heat exchangers (BHE), horizontal ground collectors (HGC), and energy piles (EP). The interpretation method of TRT data is generally based on a regression technique and on the calculation of thermal properties through different models, specific for each closed loop and test conditions.
Background

Introduction
In recent years, there has been a noticeable increase of air conditioning systems coupled to shallow geothermal reservoirs (Sanner et al. 2003; Urchueguía et al. 2008; Lund et al. 2005; Spitler 2005 ). In fact, by installing appropriate 'ground heat exchangers ' (closed loop) or wells (open loop), the underground is used as a seasonal storage of thermal energy, from which it is possible to extract heat in winter and cold over the summer (Schaetzle 1980) . Underground heat can be exploited through a heat transfer between soil and heat exchangers of different types and sizes. Among possible configurations, quite often used worldwide is the insertion of a U loop into the ground, submersed in filling material, namely the borehole heat exchanger (BHE) solution (Eskilson 1987) . Underground is not a homogenous medium. In fact:
-ground has vertical and horizontal variation in composition and therefore properties; -geology can have different horizontal variations, such as wedging, inclusions, and lenses.
When subjected to thermal phenomena, ground volume increases with time, and therefore, variations of the parameters of interest are expected; the type of variation encountered may be indicative of the specific geological structure.
The spatial variability of the ground properties and the space-time variability of hydrogeological conditions are specific to each case, and both are defined by geostatistical functions as variograms and drift (Chiles and Delfiner 1999) . These properties affect the real power rate of each BHE and, consequently, the amount of energy extracted from/injected into the ground. The problem itself is complicated, due to underground anisotropies, temperature gradients, and heat transport processes, so that it is not an easy task to identify the underground thermal properties to be considered when designing (Witte and Van Gelder 2006; Bandos et al. 2011) .
At the current state of technology, thermal response test (TRT) is the test for the characterization of ground thermal properties with the highest degree of accuracy, consisting in simulating the BHE real operation of heat injection/extraction for a limited time (Eklof and Gehlin 1996; Austin 1998) . The TRT records the temperature response of the BHE to a constant heat injection or extraction. To provide a constant heat flux to the ground, the temperature difference between inlet and outlet and the fluid flow rate, measured by a flow meter, are held constant during the test. Therefore, the outputs of the TRT are the inlet (T in ) and outlet (T out ) temperatures of the heat carrier fluid as a function of time. The change in time of mean fluid temperature is directly related to the rock/soil thermal conductivity around the borehole. It is mainly used to estimate the overall effective thermal conductivity over the BHE depth. This mean value is associated to an effective thermal conductivity through an appropriate model describing the heat transfer into the ground, thus relating it to the thermal properties of the medium. The Kelvin solution for temperature of the ground surrounding the BHE of large depth-to-radius ratio modeled as an infinite line source (ILS) is the basis for estimating the thermal properties of the ground from TRT data (Ingersoll and Plass 1948; Mogensen 1983; Hellström 1991; Gehlin 2002 ).
This approach is used as well in the design standards of the International Ground Source Heat Pump Association (Bose et al. 1985) .
In recent years, the accuracy in identifying underground thermal properties by using the TRT increased, due to two reasons. Firstly, there have been improvements in technology related to TRT machine and accessories: power control (Lim et al. 2006; Mattson et al. 2008) , use of temperature sensors and optical fiber cables along borehole depth (Fujii et al. 2010; Raymond et al. 2011; Acuña and Palm 2013) , and possibilities to perform the TRT in different modes, such as step pulse, reversible mode, and heat pump simulation (Witte and Van Gelder 2006; Georgiev et al. 2006; Gustafsson and Westerlund 2010) . Secondly, the analysis method, starting from ILS approximation, has been developed in many manners: addition of degrees of complexity -finite line source (Bandos et al. 2009 ) and cylindrical line source (Austin 1998) ; deep evaluation of specific problems, such as equivalent time for interrupted tests (Beier 2008) , borehole thermal resistance (Marcotte and Pasquier 2008) , temperature behavior into the grout (Raymond et al. 2011) , influence of groundwater flow, and thermosiphon effect (Gehlin et al. 2003; Liebel et al. 2012) ; and numerical simulation (Signorelli et al. 2007; Zanchini and Terlizzese 2008; Schiavi 2009 ). In particular, groundwater movement dramatically influences heat exchange between ground and BHE, by adding convective phenomena to simple conductive heat transfer.
Recently, it is a common scientific thought that the uncertainty component of the test, mainly related to natural variability of several of the involved parameters, cannot be neglected, so that some statistical and probabilistic techniques have been set up, especially related to multi-step parameter estimation (Wagner and Clauser 2005; Bandos et al. 2011; Bozzoli et al. 2011) , sensitivity analysis (Li and Lai 2012) , and error analysis (Witte 2012) .
In this framework, the shallow geothermal research group of DICAM Department developed an original probabilistic analysis approach, based on considering temperature measurements of TRT as a random function (RF). During the years, the practice has shown that the approach can be applied to many aspects of TRT analysis and measurements, increasing the degree of confidence of the results (Bruno et al. 2011; Mercuri et al. 2013; Focaccia et al. 2013) .
In this paper, a review of the geostatistical approach applied to TRT analysis is introduced by referring to the traditional and more popular analysis methodology, the simplified graphical analysis based on the ILS theory; furthermore, it can be easily extended to more up-to-date or complex methodologies of TRT analysis.
The state of the art: line source model analysis
The thermal properties of interest for a borehole heat exchanger system are as follows: ground thermal conductivity (λ g ), ground volumetric heat capacity (c g ), borehole thermal resistance (R b ), and undisturbed ground temperature (T g ). All these parameters, necessary for the correct dimensioning of a BHE system, are regionalized variables in space or spacetime and can be modeled as realizations of random functions (Matheron 1971) .
TRT works by injecting (or extracting) heat with constant power and by recording the temperature of thermal vector fluid. The values of equivalent/average thermal parameters of the ground volume affected by the test are computed according to the theory adopted.
Actually, TRT allows calculating an equivalent λ g (W/(m⋅K)) of the materials included in the volume affected by the heat exchanger during the test. The term 'equivalent' follows the definition given by Matheron to the value of a vector variable attributed to a finite volume, resulting from the application of a differential equation as Darcy for permeability or Fourier for thermal conductivity (Matheron 1967) . Borehole thermal resistance R b (m⋅K/W) is the effective thermal resistance of the volume between the inner surface of collector, in contact with the thermal carrier fluid, and the outer surface of the borehole, in contact with the ground (Figure 1) . It represents the resistance in exchanging heat between ground and thermo-vector fluid and can be higher or lower depending on material properties and geometry, as well as on quality of installation. In this paper, we assume that installation quality is optimum, so that grouting is homogeneous along the hole and the borehole section is regular (Sharqawy et al. 2009 ).
The ILS data analysis method uses the simplified equation of Hellström, Eskilson, and Mogensen (Eskilson 1987) to model temperature results of TRT, which turns into a line in the dimension of the time logarithm (Equation 1):
Under the quasi-stationary hypothesis:
in which accuracy increases with parameter w. First, a linear regression on experimental temperatures allows estimating the line parameters, the slope b* and the intercept a*. Then λ g is estimated from b*: Figure 1 Section of a borehole heat exchanger. Ground thermal conductivity and volumetric heat capacity are related to the soil surrounding the borehole, while borehole thermal resistance is referred to as the effect of grouting both of the collectors.
Afterwards, R b is estimated from the intercept a*, after choosing a guess value of c g :
The current procedure, if certain conditions hold (no groundwater flow, no axial heat transport, and no trend in geology) and for a given BHE design (for example, single U), is based on a purely conductive model, with known boundary conditions, and on some hypothesis: injected power Q must be constant, and borehole thermal diffusivity d b , undisturbed ground temperature T g , and geometry r b have to be considered spatially constant. Even accepting the model as proposed, a few remarks can be made:
►Starting guess values are needed at least for t 0 , d b , and t f , whose choice is entrusted to the operator experience and normally not based on an objective quantitative measurement, unless the starting values were obtained by different tests (Witte and Van Gelder 2006) . This implies that results are, up to a certain level, subjective. ►The results are affected by an uncertainty depending on the degree of likelihood of the hypotheses assumed mainly on the spatial and temporal constancy of parameters and variables, including the values of geometrical parameters as radius/length of the borehole; a quantitative evaluation of their uncertainty is missing or inadequate. ►There is a circular analysis concerning the current procedure for borehole thermal resistance identification: borehole thermal resistance (R b ) is a function of the borehole radius (r b ) and thermal diffusivity (d b ), R b (r b ,d b ), and is estimated using regression analysis which applies to steady state conditions, i.e., from a time actually identified by the inequality (Gehlin 2002) . To identify this initial time, a tentative value of thermal diffusivity d b G is requested, which means, implicitly, that a tentative value of borehole thermal resistance R b G has been adopted. A probabilistic approach is proposed, which is able to face similar issues satisfactorily by considering the fluid temperature as a RF in time domain (a 'stochastic process, ' following the terminology of time series analysis).
Methods
The probabilistic analysis of a TRT: general concepts A typical TRT record is a graph joining a series of experimental temperatures of the thermal carrier fluid. A very smooth test is considered in the following image, but showing anyway some small fluctuations of average fluid temperature (Figure 2 ). In the following figures, the paper is presenting the temperature data set of a TRT carried out by ZAE Bayern (Germany) on a 195-m double-U heat exchanger, subjected to a 9.5-kW constant power injection for a period of 3.5 days, previously selected as standard TRT in the IEA-ECES Annex 21 TRT Final Report and related publications (IEA ECES Annex 21 Thermal Response Test 2013; Focaccia et al. 2013) .
By taking a look at Equation 1 (par. 2), the first immediate consideration is that the operator has to face a classical problem of parameter estimation (Van der Heijden et al. 2004) , because the true value of service parameters, b and a of the model, can only be estimated, b* and a*. An estimation error results, and it can only be handled as a random variable. A measurement of the estimation quality is simply given by the estimation error variance.
Moreover, the temperatures recorded by experimental TRT are actually influenced by several factors, and they fluctuate around an average value whose behavior should be the one stated by ILS theory if no systematic deviation is observed from theoretical conditions.
When repeating TRT records, therefore, the measured T f profiles will not match exactly but show variations around an average temperature evolution. This is explained by the fact that secondary factors vary and cannot be controlled.
The proposed geostatistical approach considers the temperature T f as a RF nonstationary in time, with a given trend (Equation 5). A classical residual model can be considered: the temperature is modeled as the sum of a mean function (the expected value), m(t), deterministic, and a stationary random function (StRF), Y(t), called 
A TRT record is then considered as a 'realization' of the non-stationary RF, one of the possible results. The random nature of the test results is transferred to the fluctuations ( Figure 3 ).
The variogram of fluctuations (Equation 7) is:
In practice, the experimental variogram is computed on residuals obtained by subtracting the estimated mean from recorded temperatures, Y*(t) = T(t) − m*(t). The mean can be estimated by a classic regression method, which, for the aims of variogram analysis, is considered quite robust because there is a large number of data. Therefore, the variance of experimental residuals is very similar to the theoretical fluctuations' variance. Consequently, the experimental variogram is very stable and insensitive to the quality of the mean estimation.
In Figure 4 , the experimental and model variograms of fluctuations are presented. The stationary hypothesis is acceptable, and the model is adjusted with three nested structures: a nugget, a sphere with a range of 41 h 40 min, and a Gaussian with a range of 7 h. A good correlation is shown for time lags up to ten and more hours.
Evaluating time boundaries through probabilistic approach
The time domain in which to analyze test data is an important issue because test accuracy and target parameters can vary significantly when changing initial and final time (Lim et al. 2006) .
Initial time t 0 , from which the test values are considered, is necessary because the ILS theory is satisfactorily approximated only from that point on. In the classical approach, the actual t 0 for the regression analysis is computed as a multiple of the ratio between the borehole radius r b and borehole thermal diffusivity d b , following the relationship 
(Equation 2
). A theoretical model and specific hypotheses, based on the Taylor series, state that the proportionality coefficient must be greater than five, w > 5, for getting a satisfactory approximation. For improving the accuracy of ILS theory results, greater values are necessary; for instance, w > 20 increases the accuracy to 2.5%.
It is therefore additionally proved that Q values affect t 0 (Signorelli et al. 2007) . If higher Q is applied during TRT, the curve behavior will reach a linear trend earlier than when lower Q is applied. For this reason, the initial hypothesis that any borehole of the same radius and same thermal properties which identifies the same initial time introduces an error because it makes the analysis test-independent when actually it is test-dependent.
On the other hand, target variables, i.e., the thermal parameters, are very sensitive to the choice of coefficient w than to t 0 . In Figure 5 , the percentage variations of λ g and c g are shown when varying w in the interval (5 to 20) stated by the classic ILS theory.
The probabilistic approach can help to solve this issue by introducing the use of a moving windows (MW) method which is able to control the existence of steady state conditions by stabilizing the regression line slope b. The underlying idea is that when the slope floats more than a predefined value, then the initial time is identified because the theory is no longer valid.
Concerning the final time to stop the test t f , there is no problem of applicability of theory but of parameters' stability and test costs. As the cost of a test increases with increasing test duration, there is a desire to have a prior estimate of the minimum test duration that yields valid results. Many authors proposed a recommended minimum duration, based on practical field experience (Gehlin 1998; Austin 1998) . Other authors developed a method to estimate the minimum test duration based on the borehole and soil properties (Beier and Smith 2003) . The probabilistic criterion proposed consists of finding a consistent value based on a forward regression (FR) procedure: when the slope value does not show a meaningful change by an increment of the test time, it can be assumed that the heat transfer in the underground follows the predicted evaluation model, and the evaluation time is large enough to provide for the statistical precision desired.
Identifying starting point through estimation variance
The choice of t 0 following the classical deterministic relationship is site-independent once the design values of borehole parameters and of power are fixed. We know that it is an uncertain value given the uncertainty and variability of independent parameters; therefore, it must be checked if it is coherent with the theory.
A probabilistic approach is proposed for checking the consistency of t 0 with the local causes of variability and uncertainty. This technique rests on the reasoning that it is quite difficult to demonstrate when ILS theory starts to be valid, but it can be verified at any time if there is coherence between assumptions and actual results. The methodological point of view considers that, in the geo-resources field, a model hardly can be proven (to prove that it is true), but it can be falsified (to prove that it is false) (Matheron 1978) .
Operationally, the idea is the coherence of the results obtained by applying a model, a sort of cross-validation between the expected and actual precision of estimate. In fact, the normalized error must guarantee E(e 2 /σ e 2 ) = 1. Here, the estimation variance is
given by the theoretical expression by applying the model, and the error is given by the difference between the value deduced by adopting that t 0 , considered as the true value, and some estimate of it.
Moving windows with constant t-length intervals are considered, on which slope and intercept are estimated by linear regression. In the following, only parameter b is considered, being more convenient as it depends just on thermal conductivity and its estimation has a better quality than a.
The regression is a linear estimator whose weights depend only on time logarithm. For instance, in the case of the slope regression on n pairs T − τ, the regression and its weights can be expressed by:
where T α is the temperature data registered at the times t α and ν α their weights; τ and σ τ 2 are the mean and variance of logarithms of sample times τ α .
Being a correct linear estimator, the estimation variance σ e 2 is expressed by the variogram of temperature fluctuations:
Remark that the weights ν α b are independent of the variogram model because they are simply deduced by the regression method. Assuming the estimation error as a Gaussian variable, a small ratio between the experimental error and the standard deviation |e|/σ e ≤ 1 means that the ILS theory can be considered applicable. In effect, the interval given by the estimated value ± the error standard deviation, b* ± σ, has approximately 68% chance of containing the true value t 0 . Graphically, we can observe that if the true slope b does not fall inside the acceptable variability interval at a point t > t 0 , we can conclude, by simplifying, that there is no sufficient coherence between the t 0 chosen and the deduced b value. The approach can be also applied to justify the choice of a new t 0 p coherent with the probabilistic model, coinciding with the time t where the line of true slope value crosses to exit the possible theoretical variability band. In the case study shown, the windows' length of 10 h has been chosen by taking into account the actual variogram range ( Figure 6 ). In this procedure, there is a possible circularity because a guess initial time t 0 G is indirectly needed. In effect, the procedure is fed by the slope value b obtained by the traditional method and considered as the true value. Therefore, a sensitivity analysis of t 0 p has been made when variations of the initial guess t 0 G are considered (Figure 7 ).
The problem proves to be irrelevant because the meaningful variation of t 0 G does not affect either the variogram model or the t 0 p probabilistic identification as shown in the figure. This high stability of t 0 p makes the procedure proposed very affordable.
Some properties of the proposed probabilistic approach for checking the coherence of the initial time deduced by classic deterministic relationships are as follows:
1. It is a 'non-parametric' procedure because it relies only on experimental data, while the traditional method needs the values of r b , d b , and Q. 2. It highlights that the result in principle is 'site/test-dependent, ' i.e., it can take into account any fact that makes every borehole/test different from each other, even if they adopt the same r b , d b , and nominal power. 3. The procedure is based on and justified by an objective criterion.
Identifying ending point through estimation variance
No theoretical meaning is attributed to the test final time t f . The problem is operational, and the point is to decide when to stop testing and why. An important point is the stability of conditions necessary for the application of the ILS theory. Quite often at the end of the test (3 days), there are variations in Q and T f , which affect λ g evaluation. In practice, t f variations affect the numerical results of λ g *. Potentially, this variability could question the validity of the ILS theory at the end of the test, mainly because power can be not sufficiently constant but also because the volume interested by the TRT grows in time, and consequently, the equivalent values of thermal parameters change, given that the support of the equivalent parameters changes. Currently, there are no shared criteria for t f calculation. Techniques based on result stability of moving windows are questionable when temperature fluctuations increase with time.
The proposed procedure relies again on the exploitation of estimation variance σ e 2 (Equation 9) of slope graphical parameter, but this time, there are no theoretical hypotheses to be verified or applied. A methodology has been set up for justifying objectively the decision concerning when to stop TRT, such as when the precision of thermal property estimation is sufficient. The problem shifts on the computation of estimate quality, in practice on the σ e 2 .
The proposal of FR is to consider time intervals of increasing length, in which the low end is fixed in time t 0 and the other end increases systematically.
For each interval, the slope is computed, always by linear regression. Increasing windows' length increases the confidence of the estimate b*. t f is chosen when estimation quality, as measured by standard deviation, σ e 2 , reaches a level considered sufficient/satisfying (Figure 8 ). The procedure is simple even if a bit time consuming given the high number of data to take into account. The methodology has two interesting issues:
1. The final time is objectively chosen on a meaningful quantitative criterion: once agreed on the precision level to reach, t f is identified. It must be highlighted that at present the subjectivity level is high, because no shared solutions have been proposed for t f choice. 2. An interesting advantage of the procedure proposed is that it could be possible to state when to stop the test with an acceptable advance (e.g., after the second day). t f is no longer to be chosen during measurements by continuously computing the slope regression on MW and by checking a stability criterion. In effect, the standard deviation curve (the blue one in Figure 8 ) can be drawn by knowing just the variogram model, because σ e 2 is independent from the measured values. The variogram can be modeled after the approximately 45 to 50 h of running the TRT; this means that once the precision required is decided, i.e., the fixed red line in Figure 8 , the future t f is identifiable.
The main operational drawback of the method is the very high number of points necessary to compute σ e 2 according to Equation 9. For example, 2 days of measurements, each 60 s, means 2,880 data. From the theoretical point of view, it is important to verify the validity of the variogram model at this scale of very large time intervals.
Estimating ground thermal conductivity through drift
Ground thermal conductivity is deduced by the ILS relationship from the slope parameter b of T − ln(t) line, as written in paragraph 2. The temperature drift, D(h), is the mean value of the difference (increments) between temperatures with a time distance, the lag, equal to h = ln(t′) − ln(t) (Figure 9 ). The proposed method does not change the general logic of the approach, but the way of estimating b. As the application of the drift is in time-log space, with data density progressively increasing along the t-axis, a declustering selection technique is needed prior to the drift calculation; it consists of a random selection method, which allows to obtain a final data set, with all points regularly spaced from each other (Focaccia et al. 2013 ). In principle, the 'drift method' has a couple of advantages over the classical method:
1. The estimation filters the intercept a, and this fact allows for a more precise estimation of the slope b. 2. The separation of the estimations of the slope from that of the intercept allows for better control of each regression. Figure 9 Experimental drift of temperature in the space of time-log increments. The lag dimension is the increment of time logarithm, h = Δτ.
The drift is a line passing through the origin; therefore, the regression weights are simply proportional to the independent variable, i.e., the time-log lag (Focaccia et al. 2013) .
The intercept a of the line representing the mean fluid temperature in time-log space {τ} is also required. This is obtained sequentially by a new mono-parameter linear regression based on fluid temperatures T f in the time-log space {τ} and conditioned by the slope estimate already obtained by the regression on the experimental drift (Figure 10) .
In practice, the parameter obtained by this regression can be calculated following the form of a linear estimator (Equation 10):
It has been shown that the precision of estimates of the slope b by the drift method is always higher than the precision given by the classic method (Focaccia et al. 2013) . This comparison is possible thanks to the estimation variance computation by Equation 9. 
Estimating ground volumetric heat capacity and borehole thermal resistance through conditioning
Once λ g is calculated, it is then possible to calculate R b . Normally, the procedure first consists in the choice of a fixed guess value for thermal capacity c g G and then, through Equation 4, the calculation of the borehole thermal resistance. This calculation is performed deterministically and overall by imposing a tentative value of c g , which is chosen as an average for the soils involved. On the contrary, it is possible to fix borehole thermal resistance (based on design parameters of borehole) and then to find ground volumetric heat capacity. This is generally not done in common practice, mainly because of the major importance of verifying if the borehole thermal performance is similar to the project value or not, due to accidents occurring during the installation procedure (inclined borehole, etc.) (Gehlin 2002) . Anyway, the random choice of ground volumetric heat capacity based on literature values can lead to non-negligible errors (10% to 15%) (Witte 2012) . In order to increase confidence of TRT, some coupled parameter estimations have been made, mainly based on finite element models and coupling thermal conductivity with volumetric heat capacity (Wagner and Clauser 2005) .
The methodology proposed does not use guess values but makes a joint conditional estimation of R b and c g by adopting a joint a priori probability distribution; the limits of marginal distributions are comprised within the variability range: i) calculated numerically on borehole parameters and grouting properties for R b ∈ (R b inf ; R b sup ) and ii) obtained by the bibliography for c g ∈ (c g inf ; c g sup ). We then consider a conditioning relation between the two parameters, and we calculate the optimal values of both of them (Focaccia et al. 2013) . 
The sub-domain, which derives from the conditioning relation, identifies a conditional probability distribution. The probability distribution function (PDF) of the service parameter p is the probability distribution of the bivariate PDF conditional to the domain L.
Here follows the equation of conditional distribution and its exemplification by considering independent the two variables (Focaccia et al. 2013 
Optimal value of the couple ground volumetric heat capacity-borehole thermal resistance results simply from their conditional expectation, by using the expected value of service parameter p: m p = E(p) = ⌠p•f(p)dp. Remark that no guess values are needed and that the couple respects both the range of possible values and the constraining relationship between them.
Controlling machine-system operation through variograms
TRT results are test/site-dependent, machine-dependent, and operation-dependent. In fact, the geological stratigraphy and hydrogeological properties, besides modifying the ground thermal parameters, condition the operation of a given TRT equipment. The TRT power can be supplied by different systems (e.g., heat pump and various type of boilers), and heat is exchanged differently depending on the circulation fluid. The problem of power constancy has been deeply analyzed by many authors, and a great literature exists to evaluate physical meanings of the power fluctuations (Witte 2012) . When the option is available, the test can be executed in extraction or injection mode and the equipment operates quite differently (Witte and Van Gelder 2006 ). An analysis of variability and correlation among TRT parameters helps in checking, quantifying, and understanding the system operation and the possible impact on correctness and confidence of results.
The presence of an aquifer can affect significantly the operation of a TRT. An analysis of fluctuation of mean fluid temperatures by variogram can check and quantify how the system reacts (Mercuri et al. 2013) (Figure 12 ). Power is variant in time so that power fluctuations must be taken into account in the calculation. Moreover, the fluctuations are not necessarily a 0-mean random noise; they could mask a trend or a bias, which will affect directly the key parameters' estimates. The common practice is to monitor injected power data and then to find thermal parameters that will best fit the data with the power signal registered, including the recovery phase, if present.
Power is dependent on temperature variations, being a function of the difference between inlet and outlet temperature, so that power fluctuations have to be taken into account to fully understand the nature of test response. In this case, too, the probabilistic approach can give a contribution. Firstly, it is necessary to study three independent variables (flow, inlet temperature, outlet temperature). They have very different time variability as shown by their fluctuation variograms (Mercuri et al. 2013) (Figure 13 ).
While the fluid flow does not show a periodic structure, the power shows it ( Figure 14) ; therefore, it is indirectly confirmed that there is no correlation between the variability of fluid flow (unstructured) and power (structured).
Regarding comparison between injection and extraction modes' precision, the use of variograms can give a contribution, by showing operational behavior through the sill value and the variogram model (Mercuri et al. 2013 ).
The variogram analysis shows how the injection mode gets absolutely more precise estimates than the extraction mode; in fact, in injection mode, the short-term periodic component is prominent, the time range is infinite, and the sill is almost half that in the extraction mode (Figure 15 ).
In conclusion, by using a variographic study, it is possible to quantify how precise TRT data recording is and how much is influenced by external and boundary conditions; therefore, it is possible to associate to the analysis a measure of the reliability of the results.
Results and discussion
This work has introduced and summarized the provision given by a probabilistic approach to TRT analysis, in most cases by adopting a geostatistical point of view.
In general, many issues of the test data processing refer to uncertain parameters or to decisions based on uncertain parameters. Most of unsolved or unchecked issues of TRT can be evaluated, interpreted, and solved simply by the characterization of fluctuations around the average behavior of the fluid temperature, as depicted by the ILS theory. Fluctuations show what is happening around the test, and their variogram is useful for reducing subjective choices and quantifying the results' precision. In fact, thanks to variograms of temperature fluctuations, the estimation variances σ e 2 of the key parameters of interest can be computed independently of the methodology adopted, and underground thermal properties can be identified efficiently. It is noteworthy that here the geostatistic tools are used for characterization and study of time variability of TRT records, and not for spatial or temporal estimation by kriging.
In particular, proposals have been made for checking the coherence of initial time t 0 , for computation of final time t f , for improving and simplifying the estimation thermal ground conductivity λ g , for making more objective and congruent the joint estimation of thermal capacity c g and borehole resistance R b , and for identifying and quantifying the effect of power time variability on TRT results.
i) The approach for checking the coherence of t 0 with the test-dependent causes of variability is based on the MW strand and on σ e 2 exploitation. Namely and differently by the classical deterministic framework, it is non-parametric and site/test-dependent. At the moment, the approach looks efficient and can also be used to define an initial time more consistent with actual data. ii) The proposal of t f identification is based again on σ e 2 , but in this case, the result is data-independent, once the variogram is available. Each TRT operator is able to decide in advance when to stop the test, because the precision attained is sufficient.
iii) The drift method is very simple and in principle guarantees a better estimation of thermal conductivity than the traditional method. In numerical terms, the precision is similar when a record of hundreds of thousands of measurements is available. iv) The conditional estimation concerning the calculation of ground volumetric heat capacity coupled to borehole thermal resistance makes possible to obtain a couple of values independent of subjective guess values but always coherent with constraining relationship. These values look more reliable and more consistent and closely related to the real test. v) The TRT control through parameter fluctuations can allow identifying, quantifying, and controlling of specific variation effects caused by underground, climate conditions and machine-borehole interaction and not visible by simple record analysis.
Conclusions
In conclusion, the geostatistical approach proposed is able to take into account the irregular component of TRT experimental records and of results following their processing, interpreted as realizations of random functions. This approach allows also highlighting the nature of estimate of thermal parameters derived. New insights and new ideas are proposed on how to improve or solve classical issues of the test. Even if applied to the most popular methodology of TRT analysis and to a simplified case, the probabilistic approach seems able to be easily adapted also for the processing of TRT data by more advanced methodologies. Future works will include the application of the method on additional TRT case studies, with different working conditions, technology advancement, and machine and sensor precision. The long-term goal is to improve the standardization of TRT and of its data analysis.
